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Revolutionizing Pulp and Paper
Industry through Artificial Intelligence

for Enhanced Paper Quality

Abstract:

All pulp and paper industry are revolutionizing its operations with data-driven decision-
making approaches to enhance manufacturing efficiency, optimize resource usage, and keep
consistent paper quality. This article explores the integration of advanced Al technology
inclusive of statistical methodologies to address with demanding situations in paper quality
checking processes. By leveraging suitable use cases and defining performance metrics
inclusive of defect rates. Requires a combination of numerical methods and by means of
statistics suitable application controls on the way to outline performance metrics which
includes productivity, defect rates, and strength efficiency, manufacturers can extract
actionable insights to enhance operations and ensure high-quality paper outputs.

Data visualization tools are used to monitor KPIs, track quality trends, and identify
inefficiencies, providing a transparent path to decision-making. Challenges related to data
integration, system scalability including flexibility and adaptation of workforce efficiency
are discussed, along with processes strategies for successful implementation.

By combining Al technologies and effective analytical frameworks, this article presents
a comprehensive approach for driving sustainable improvements in the pulp and paper
industry, ensuring superior paper quality and operational excellence.
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Introduction

In recent years, the paper manufacturing industry has seen a major shift towards the
integration of advanced technologies such as Artificial Intelligence (AI). With increasing
demands for higher product quality, more efficient production, and cost-effective operations,
Al has emerged as a transformative force. The primary applications of Al within the industry
are quality control, defect detection, predictive maintenance, and process optimization.
This article explores deeper into how Al technologies, particularly machine learning (ML),
computer vision, and deep learning, are being implemented to solve challenges in paper
production, focusing on defect detection and defect analysis for the paper production in
Indian pulp and paper segments.

Available AI Technologies for Pulp & Paper Industrial applications

A Typical Pulp & Paper Plant

W

Figure No. 1: A Typical Pulp & Paper Plant and Paper Production flow
(source: Internet images)
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Al technologies are versatile and can be applied across various stages
of industrial production. For the paper manufacturing industry, the
following Al technologies are particularly relevant:

Machine Learning and Deep Learning

ML and DL enable models to identify patterns from historical and
real-time production data without explicit programming. These
models are essential for detecting defects, predicting maintenance
needs, and improving product quality. DL, a subset of ML, uses
multi-layered neural networks for handling complex visual tasks
like detecting paper defects [2],[5],[6],[7].

* Supervised Learning: Models trained on labelled data (e.g.,
images with known defects) learn to associate visual features
with defects, improving accuracy in detecting new defects.

* Unsupervised Learning: Clustering algorithms identify unusual
patterns for anomaly detection without requiring labelled data.

Computer Vision: CV automates defect detection by using cameras
and sensors to capture high-resolution images of the paper surface.
Al-powered techniques detect subtle defects like cracks, wrinkles,
and colour inconsistencies.

« Image Preprocessing: Techniques like noise filtering, contrast
adjustment, and edge detection enhance image clarity for better
defect visibility.

* Feature Extraction: Edges, textures, shapes, and colours are
extracted from images and used by Al models to classify defects
and assess severity.

* Real-Time Detection: Al enables rapid defect detection during
production, reducing delays and minimizing reliance on human
inspectors.

Predictive Analytics: Predictive analytics leverages historical data,
ML, and statistical models to forecast potential issues and optimize
production processes.

* Maintenance Predictions: Sensor data (e.g., temperature,
pressure, vibration) helps predict equipment failures, allowing
proactive maintenance and reducing downtime.

* Process Optimization: Data analysis identifies inefficiencies
and recommends adjustments to machine settings, speed, and
temperature to enhance efficiency and product quality.

Need for Al Implementation in Pulp & Paper Industries

The need for implementing Al in the paper industry stems from
the growing demand for high-quality paper products, increased
production volumes, and the need for greater cost efficiency.
Traditionally, quality control in paper manufacturing has relied
heavily on manual inspection and labour-intensive processes

[11.[4],[51.[7]

These methods are prone to errors and inefficiencies. With Al,
manufacturers can:

* Achieve more precise defect detection.
* Improve overall product consistency and reduce variations.

* Enhance productivity by minimizing human intervention in
routine tasks.

* Predict maintenance requirements and extend equipment life.

Integrating Al systems can result in better-informed decision-
making, more accurate defect detection, and a more optimized
production workflow.

Paper Quality and Characteristics

The quality of paper is defined by several characteristics, including
surface texture, smoothness, thickness, strength, and appearance.
These factors directly influence the end-use of the paper, such as
printing, packaging, or industrial applications. A key to producing
high-quality paper is maintaining uniformity across all these
parameters. Variations in these characteristics can lead to defects,
which can reduce the quality of the final product or cause wastage in
the production process.[1],[3],[4]

Typical Paper Defects During Paper Production

During the paper-making process, several defects may occur,
often due to variations in the raw material, machine malfunctions,
or environmental factors. Some of the most common defects and
causing details are include in the below table [1],[4]:

Table 1: Paper Defects During Paper Production

| Defect Type ” Causes |
|Tearing || Poor raw material quality, improper machine settings |
|Cracking || Inadequate drying, excessive tension |
|Curling || Uneven moisture content, improper storage |
|Wrink1ing || Inconsistent paper thickness, machine malfunctions |
|Stains ” Contaminated raw materials, improper cleaning |
|Specks || Dust particles, foreign objects |
|Spots ” Inconsistent coating, contamination |
|Holes || Air bubbles, weak paper structure |
|Discolorati0n || Chemical imbalances, improper storage |
|Bleeding || Poor ink absorption, chemical imbalances |
|Ink Transfer ” Poor ink quality, improper drying |
| | |

These defects can be difficult to detect manually, especially when paper sheets are produced in large quantities at high speeds. Understanding
the types of defects and their causes is crucial for implementing effective Al solutions. Common paper defects include tearing, cracking, curling,
wrinkling, stains, specks, spots, holes, discoloration, bleeding, and ink transfer. These defects can arise from various causes, such as poor raw
material quality, improper machine settings, inadequate drying, contamination, and inconsistent coating [1],[4],[7]
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Defect Detection Analysis Using Al

Traditional visual inspection of paper defects [1],[3],[4] has become
ineffective due to increased production speed and complexity. Al-
driven systems using computer vision have revolutionized defect
detection with high-resolution cameras and Al algorithms, detecting
defects as small as a millimetre.

* Real-time Detection: Al processes images in real-time to
identify defects instantly.

* Automated Classification: Al classifies defects by type and
severity for reprocessing or rejection decisions.

Al techniques used in paper defect detection include:

1. Image Preprocessing: Enhances images to reveal defects
clearly.

2. Object Detection: Locates defects using deep learning models
like CNNGs.

3. Defect Classification: Classifies defects for quick identification.

4. Defect Severity Assessment: Assesses whether the paper should
be discarded or reprocessed.

Real-World Dataset Structure
(Resources: ABC-Pulp & Paper Plant _Use-Case -1)

¢ Features (FX):

o Machine Speed: Speed at which the paper is produced
(in meters per minute).

o Temperature: Temperature in the paper manufacturing
environment (in °C).

o Tension: The tension applied to the paper (in N).

o Moisture Content: Percentage of moisture in the paper (in %).
o Roll Diameter: Diameter of the paper roll (in mm).

o Thickness: Thickness of the paper (in mm).

o Coating Thickness: Thickness of the coating applied to the
paper (in mm).

o Position on Roll: Position along the paper roll (in meters).

¢ Defective Areas (DA) (e.g., surface defects like holes, streaks,
etc.):

o Hole (binary: 1 = defect, 0 = no defect).
o Streak (binary: 1 = defect, 0 = no defect).
o Dimensional Defect (binary: 1 = defect, 0 = no defect).
o Moisture Spot (binary: 1 = defect, 0 = no defect).
¢ Defective Values (DV):
o Percentage of defect area in the paper roll (0 to 100%).

The real-world dataset was collected from ABC-Pulp & Paper Plant.
Here’s a preview of the first few rows:

Table 2: Real-World Dataset
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107.49 71.89 68.51 6.08 892.56 0.27 0.07 143.2 0 0 0 0 0.00
119.01 62.17 104.19 5.92 870.47 0.25 0.08 401.3 0 0 0 0 0.00
114.64 48.57 137.29 4.10 1859.38 0.21 0.04 498.6 0 0 0 0 0.00
111.97 78.83 123.22 5.36 874.32 0.29 0.07 15.01 0 0 0 0 0.00
103.12 71.08 130.66 5.52 907.92 0.14 0.07 448.6 0 0 0 0 0.00

Analysis of Visualization Results:

Next, we will proceed with creating visualizations to explore the relationships between the features and defects and will use graphs like scatter
plots, correlation heatmaps, and histograms, etc. The visualizations have been created based on the given dataset. Here’s a summary of the key

insights.[31,[SL.[7L.[8]:

1. Histograms:

o Machine speed, temperature, tension, moisture content, roll diameter, and thickness all show various distributions, giving an overview

of the spread and range of each feature.

2. Correlation Heatmap:

0 This heatmap shows the relationships between features and the defective value. For example, it’s clear that some features, such as
machine speed, temperature, and tension, have varying degrees of correlation with defect percentages.
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3. Scatter Plot:

Frequency

Frequency

o The scatter plot between machine speed and defective

value offers insights into how variations in speed may correlate
with defects in the final output.

Pair

(0]

plot:

The pair plot visualizes multiple feature interactions, making

it easier to spot relationships and trends across different feature
pairs (e.g., machine speed vs. defect, temperature vs. defect, etc.).
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Figure No. 5: Pair Plot Matrix for Distributions of Paper production Parameters

Steps for Defect Detection Analysis

1. Dataset Preparation (Resources: PQRS -Pulp & Paper Plant _Use-Case -2)

Hole Defect

1.0

A dataset containing labelled examples of paper defects (e.g., tears, wrinkles, discoloration) is required [2],[4],[7]. This dataset can include:

* Images of defective paper.

* Numerical features like defect size, location, and severity.

Dataset Features: Table 3: Features of the Dataset.[1],[4]

Defect_ Def'ect_ Location_X Location_Y Severity Label

Type Size mm mm Level (1: Defect,

yp mm v 0: No Defect)
’ Tear H 7.8 H 150 H 320 H High H 1 ‘
T | 2 | a0 | a0 || vewm | 1
‘ None H 0.0 H 0 H 0 H None H 0 ‘

2. Applied AI/ML Models [2],[5]

Common models for defect detection:

* Image-Based Models: Convolutional Neural Networks (CNN5s)

for analysing defect images.

*  Numerical Data Models: Decision Trees, Random Forests, or
Support Vector Machines (SVM) for structured data.

Selected Models:

*  CNN for Image Data: Classify images into “Defect” or “No Defect.”

* Random Forest for Tabular Data: Predict the severity level or
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defect type based on numerical features.

Model Evaluation Metrics:
detection efficiency:

Key metrics to evaluate the

Accuracy: Percentage of correctly classified samples.
Precision: Proportion of true positives among detected positives.

Recall (Sensitivity): Proportion of actual defects correctly
identified.

F1-Score: Harmonic mean of precision and recall.
Method of Analysis.[2],[6],][7]

Scenario 1: Image-Based Defect Detection: Using CNN on
1,000 defect images:

Model achieves 92% accuracy, 0.88 precision, and 0.90 recall.

Insight: The model struggled with “Discoloration” defects due
to subtle colour changes.

Scenario 2: Numerical Feature-Based Detection:
Random Forest on tabular data:

Train-Test Split: 80%-20%.
Results:

o Accuracy: 95%

0 Precision : 96%

0 Recall :93%

o F1-Score : 0.945

Table 4: Feature Importance

Using

Feature || Importance (%) |
‘DefectﬁSizeimm ‘ ‘ 40 ‘
|Severity_Level | | 30 |
‘LocationﬁXfmm ‘ ‘ 15 ‘
|L0cation_Y_mm | | 15 |

Insights:

Larger defects were easier to detect.

Local features contributed to defect prediction accuracy.

5. Deployment and Efficiency in Real-World Use
After training:

1. Model Deployment: Real-time defect detection on production
lines.

2. Efficiency Improvement:
o Reduction in Manual Inspections: Save time and labour.

o Higher Precision: Reduce defective products reaching
customers.

Result: Using the Al system, defect detection increased from 85%
(manual inspection) to

95% (Al-based detection), reducing customer complaints by
30%.

6. Challenges and Recommendations
Challenges:
* Imbalanced Data: Some defect types may be underrepresented.

* Generalization: Models may be overfit to specific defect
patterns.

Recommendations:

+ Data Augmentation: Increase training data diversity (e.g.,
rotate or crop images etc).

* Hyperparameter Tuning: Optimize model performance.

This approach, combining image and numerical feature analysis,
ensures robust defect detection, improving efficiency and reducing
costs in the use-case 2.[3],[5],[6].[7]

Analysis Approach after Al implementation

1. Dataset Summary (Resources: XYZ -Pulp & Paper Plant _Use-
Case -3)

Key Features:

«  Defect_type [3],[4]
*  Defect Size mm

* Detection Method

Tear, Wrinkle, Discoloration, etc.
Size of the defect.

Traditional (manual) or AI/ML-

based.
* Detection Accuracy (%) : Defects correctly identified.

* Inspection Time (sec) Time taken per paper sheet.

Table 5: Results of after Al implementation [5],[6],[7]

Defect_type Defect Size|| Traditional Al_ML Inspection Time Inspection Time
- mm Accuracy (%) ||Accuracy (%) Traditional (sec) AI_ML (sec)
[Tear | 85 | 78 I 96 | 15 | 3 |
[Wrinkle | 42 | 82 I 12 | 25 |
|Discolorati0n H 6.3 || 70 H 92 || 20 || 5 |
[Edge Crack IEE 76 | 3 | 14 | 3.2 |
[Pinhole [ 21 | 74 [ o 18 | 4.5 |

2. Comparison of Traditional and AI/ML Approaches

Table 6: Numerical Comparison of Traditional and Al Approaches

e S W S ———
Traditional Improvement in Numerical Advantage in
Category Approach AUML Approach values Percentage
| Detection Efficiency || || || || |
Average Aceura (78 +82+ 70+ 76 || (96 +94 +92 + 93 93.2-76=17.2% 17.2%
crage Accuracy +74)/5=176 +91)/5=932 improvement improvement
[ TimeSavings | | | | |
Average Inspection Time (15+12+20+4+||(3+25+5+3.2+| 15.8-3.64 =12.16 seconds 77%
£ p 18)/5=15.8 4.5)/5=3.64 reduction faster
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Expected Key Performance Indicators:

Al Performance Outcomes

* Accuracy: Models trained on good-quality data can achieve accuracies ranging from 85% to 98%.

*  Waste Reduction: Depending on the defect type, Al-based predictions can lead to a 10% to 50% reduction in waste.
*  Quality Improvement: Al applications can improve product quality by 10% to 40%, depending on the defect type.
Industry Benchmarks for AI Applications

* Automated Quality Control: Al systems in production lines can help achieve defect detection accuracy of up to 95%, allowing for a 10%
to 30% reduction in defective products.

* Al in Visual Defect Detection: Properly trained models using image-based techniques such as CNNs and RNNs (Computer Vision)
have demonstrated greater than 90% accuracy in identifying defects like coating streaks and surface defects. This leads to significant
improvements in product quality.

Table 7: Defect Detections (Before and After) Al methodologies

‘Defect Type HBefore AI: Defect RateHBefore AI: Detection MethodHAfter Al: Defect RateHAfter Al Detection Method‘
ITearing H High || Manual inspection ” Reduced H Automated detection I
’Cracking H Moderate H H Lower H Real-time monitoring ‘
‘Curling H High H H Reduced H Automated correction ‘
’Wrinkling H Moderate H H Lower H Predictive maintenance ‘
|Stains H High || || Reduced || Automated detection |
|Specks ‘ | Moderate | | | | Lower | | |
|Sp0ts ‘ | High | | | | Reduced | | |
|Holes ‘ | High | | | | Reduced | | |
’DiscolorationH Moderate H H Lower H Real-time monitoring ‘
|B1eeding H High || || Reduced || Automated detection |
|Ink Transfer H Moderate || || Lower || |
Result Analysis

Al methodologies enhance defect detection by leveraging advanced technologies and structured problem-solving approaches [4],[5],[6].[8]:

Table 8: Paper Quality improvements through Al

Defect Type Expected Accuracy Potential Waste Reduction Quality Improvement

[Surface Defects (Holes) | 85%-90% | 10%-20% | 15%-30% |
‘Dimensional Defects H 90%-95% H 10%-25% H 20%-30% ‘
IStructural Defects H 85%-90% “ 5%-15% H 10%-20% ‘
|Coating Defects (Streaks) | 90%-95% | 15%-30% [ 20%-40% \
‘Printahility Defects H 80%-90% H 5%-15% H 10%-25% ‘
lEdge and Roll Defects H 85%-90% “ 10%-20% H 15%-25% ‘
Moisture and Contamination 90%-95% 10%-25% 15%-30%

The future of Al in defect detection will be shaped by several emerging trends as shown below:

Table 9: Future Trends in Al for defect detections

| S. No. || Focus Area || Description ‘

| 1 H Enhanced Machine Learning Models || Development of more sophisticated models for higher accuracy. ‘

| 2 H Real-Time Data Processing || Focus on immediate defect detection and correction. ‘

| 3 || Integration with IoT Devices || Comprehensive monitoring and enhanced predictive maintenance. ‘
4 Advanced Imaging Technologies Adoption of hyperspectral ;riaﬁis?fnénd 3D scanning for greater

| 5 || Predictive Analytics || Increased use of predictive analytics to forecast potential defects. ‘
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Conclusion

Al technologies, including machine learning, deep learning, computer vision, and predictive analytics, are
revolutionizing the paper manufacturing industry. By automating defect detection, optimizing processes,
and enabling predictive maintenance, Al enhances quality control, boosts efficiency, and lowers costs.
Real-time detection of defects, such as texture issues and colour inconsistencies, ensures consistently
superior products while reducing waste and preventing problems proactively. These innovations help
manufacturers meet rising demands for high-quality paper while staying competitive. As Al evolves, its
potential to revolutionize paper production grows, paving the way for smarter, more efficient, and cost-
effective processes that redefine industry standards.
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Al . Artificial Intelligence
CNN : Convolutional Neural Network
CV : Computer Vision FX: Features
ML :  Machine Learning
SVM  : Support Vector Machines
DA :  Defective Area
DV :  Defective Values
References:

1. Pratima Bajpai (2018), “Biermann's Handbook of Pulp and Paper, vol.1 & 2", Elsevier Publication, UK.

2. Shanthababu Pandian (2025), https://www.datasciencecentral.com/digital-twins-in-manufacturing-revolutionizing-production-and-
maintenance/

3. Timo Koskinen, Mika kosonen and Kari Ebeling, “The impact of paper defects on paper strength requirements”, UPM-Kymmene
Corporation, Helsinki, Finland. (2001).

4. Kenneth W Britt, Handbook of Pulp and Paper Technology, CBS Publishers, India. (2020).
Shanthababu Pandian, A Detailed Guide for Data Handling Techniques in Data Science - DataScienceCentral.com (2023).

S

Shanthababu Pandian, Secret behind the Dimensionality Reduction for Data Scientist - DataScienceCentral.com (2021). & Feature
Engineering At a glance - DataScienceCentral.com, (2021).

7. Shanthababu Pandian, “Ultimate Enterprise Data Analysis and Forecasting using Python” Practical Approaches to Time Series
Analysis and Forecasting, Publisher: AVA - Orange Education Pvt Ltd,(2021).

8. John E. Hunt, Advanced Guide to Python Programming, 2nd Edn, Springer, Nature Switzerland AG. (2023).

[191]



